The daily cloud cycle or diurnal cloud cycle (DCC) and its response to global warming are critical to the Earth's energy budget, but their radiative effects have not been systematically quantified. Toward this goal, here we analyze the radiation at the top of the atmosphere and propose a measure of the DCC radiative effect (DCCRE) as the difference between the total radiative fluxes with the full cloud cycle and its uniformly distributed cloud counterpart. When applied to the frequency of cloud occurrence, DCCRE is linked to the covariance between DCC and cloud radiative effects. Satellite observations show that the daily cloud cycle is strongly linked to pacific decadal oscillation (PDO) and climate hiatus, revealing its potential role in controlling climate variability. Climate model outputs show large inter-model spreads of DCCRE, accounting for approximately 20% inter-model spread of the cloud radiative effects. Climate models also suggest that while DCCRE is not sensitive to rising temperatures at the global scale, it can be important in certain regions. Such a framework can be used to conduct a more systematic evaluation of the DCC in climate models and observations with the goal to understand climate variability and reduce uncertainty in climate projections.
Introduction
Cloud dynamics and their role in climate change are among the most important research areas in climate science (Stephens 2005; Bony et al. 2006; Zhang et al. 2013 ) and remain as one of the primary causes of uncertainty in climate projections (Cess et al. 1989; Boucher et al. 2013) . Solving this difficult problem will allow us to obtain more accurate simulations of cloud properties in the right place at the right time. While the spatial distribution of seasonal mean cloud properties has been extensively analyzed (Bony et al. 2006; Boucher et al. 2013) , the studies of the temporal distribution of clouds are often limited to monthly or seasonal timescale. In fact, the daily cloud cycle (DCC) is much stronger than the seasonal cycle in terms of cloud radiative effects (see Fig. 1 ) but it has attracted much less research attention (see however, Minnis and Harrison 1984; Bergman and Salby 1997; Yang and Slingo 2001; Clark et al. 2007; Taylor 2012; Pfeifroth et al. 2012; Langhans et al. 2013; Walther et al. 2013; Gustafson et al. 2014; Webb et al. 2015; Yin and Porporato 2017) . As we will demonstrate later, the variations of DCC may partially control the global surface temperature and the inter-model spread of DCC radiative impacts accounts for approximately 20% spread of the CRE in climate models, highlighting the importance of this specific cloud property.
While it is rather obvious that an overcast sky may either tend to warm up the surface if clouds take place during the night or cool down the surface if clouds are during the day, the effects of subtle modulations in DCC on the radiative budget are difficult to assess. Multiple methods have been used to quantify the radiative effects * Jun Yin jy12@princeton.edu * Amilcare Porporato aporpora@princeton.edu 1 3 of a climate variable and its response to an external perturbation. The cloud radiative effect (CRE) method (Cess et al. 1989 (Cess et al. , 1990 (Cess et al. , 1996 analyzes the effects of clouds by comparing all-sky and clear-sky radiative fluxes at the top of the atmosphere (TOA). This method is relatively easy to implement in global climate modes (GCMs), but the effects of the cloud properties are lumped together and confounded by other climate variables (Zhang et al. 1994; Colman 2003; Soden et al. 2004 ). The partial radiative perturbation (PRP) method (Wetherald and Manabe 1988) uses offline radiative transfer models to calculate the change of TOA radiative fluxes by perturbing one specified climate variable. An alternative method is to calculate the derivatives of TOA radiative fluxes with respect to a specified climate variable, referred to as radiative kernels (RK; Shell et al. 2008; Soden et al. 2008 ). These methods have been used for estimating climate feedbacks without rerunning their own radiative transfer models (e.g. Vial et al. 2013 ). More recently, cloud radiative kernels based on the histograms of cloud fraction have been proposed to analyze the feedbacks of specific types of clouds (Zelinka et al. 2012a, b; Zhou et al. 2013 ). While they have been extremely useful in clarifying the inter-model variations of climate feedbacks, these methods have not been used for analyzing the radiative effects related to the DCC. In this study, we draw from these methods and extend them to analyze the radiative effects of DCC. We consider the TOA radiative fluxes and isolate the DCC radiative effects from the effects of the daily mean cloud properties. We apply this method to the cloud frequency from satellite data of the Clouds and the Earth's Radiant Energy System (CERES) and from four GCMs involved in the second phase of the Cloud Feedback Model Intercomparison Project (CFMIP-2). The paper is organized as follows: Sect. 2 introduces the DCC and gives an example of daily cycle climatology of cloud frequency. Section 3 analyzes its radiative effects by Taylor expanding the TOA radiative fluxes. A case study is presented in Sect. 4 to analyze the daily cycle of cloud frequency and its response to global warming. The final conclusions are drawn in Sect. 5.
Daily cloud cycle (DCC)
To analyze the DCC and its contribution to the Earth's energy budget, we first define the DCC as the long-term climatology of the daily cloud cycle with reference to a generic cloud property of c. Instead of focusing on the instantaneous values of the cloud property, we refer to its daily cycle climatology, c(t) , defined as the average at each local time of day (e.g. t = 0, 1, …, 24 h) at a specific location over a long period of time. Note that the use of climatological values (i.e. long-term average) is crucial to obtain meaningful metric of DCCRE defined later. The cloud climatology c(t) is then decomposed into its mean, c 0 , and fluctuations around it, c DCC . The latter is then decomposed into Fourier series as (Wood et al. 2002; Tian et al. 2006) where c n and c,n are the amplitude and phase of the nth harmonic of the daily cycle climatology, and w = 2 ∕ is the angular frequency, in which is the length of one daily cycle (i.e., 24 h). Figure 2 illustrates an example using for c the cloud frequency (f) over the Atlantic Ocean near Puerto Rico as simulated by the GFDL-CM3. By comparing the current (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) and future (2081-2100) summertime cloud frequency climatology, the daily mean cloud frequency is seen to decrease ( Δf 0 = − 2.52%), while the phase of the first harmonic shifts earlier ( Δ f ,1 = − 2.01 h) and the amplitude of the first harmonic increases ( Δf 1 = 1.03%). Other previous studies also considered the systematic daily cycle of cloud climatology (e.g., Dai et al. 1999; Wood et al. 2002; Webb et al. 2015) .
DCC radiative effects
At a specific location, the top-of-the-atmosphere (TOA) radiative flux climatology R in general depends on the time of day t, as well as c itself and other climate variables, say Webb et al. (2015) x. This TOA radiative flux climatology R(c, x, t) can be split into a contribution due to the mean and due to the DCC components. The former equals R(c 0 , x, t) , while the remaining part is the DCC radiative effect:
We are interested in evaluating potential changes in DCCRE c corresponding to situations like the one shown in Fig. 2 . Thus, assuming a period of climatic change, the radiative impact of DCC response to such a perturbation can be written as x, t) . Conventionally, ΔR c is approximated by the change of CRE and ΔR c 0 is quantified by radiation kernel (RK) method. While the CRE method tends to include all cloud effects, RK is evaluated by uniformly perturbing the climate variable both day and night without identifying the daily cloud cycle. As implied by (3), the different assessment results from these two conventional methods can be explained by ΔDCCRE c . By expressing c as its Fourier representation and Taylor expanding the TOA radiative flux, one obtains
where H.O.T. are the higher-order Taylor series terms due to the nonlinearity of the function R (c, x, t) , and ΔR c , ΔR c 0 , ΔR c n , ΔR c,n are the radiative impacts due to changes in the cloud property c, its mean, cloud cycle amplitude, and cloud cycle phase, respectively. Rearranging Eq. (4) yields which provides another interpretation of ΔDCCRE c as the total radiative impacts of all the amplitude modulation, all the phase shift, and the corresponding higher-order terms. Equations (2) and (5) closely resemble the formula used in CRE (Cess et al. 1989 (Cess et al. , 1990 (Cess et al. , 1996 , which defines CRE as the all-day and clear-day radiative flux difference and estimates the total cloud radiative impacts as the change of CRE with the adjustment for cloud masking (Shell et al. 2008; Soden et al. 2008) . Here instead, DCCRE c are first calculated considering the differences between radiative fluxes from the full-day cloud cycle and the fluxes from its counterpart assuming a uniformly redistributed c equal c 0 , and then computing the DCC radiative impacts for c as the change of DCCRE c .
Since R(c 0 , x, t) in Eq.
(2) is usually not available from climate model outputs or from observations, to calculate DCCRE c using (5) one would need to rerun the radiative transfer codes in climate models. As an alternative to this direct calculation, one can approximate DCCRE c by taking the first term of the Taylor expansion around c 0 where the derivative R∕ c is the radiative kernel for c. In this way, the standard radiative kernels used to assess climate feedbacks (e.g. Shell et al. 2008; Soden et al. 2008; Zelinka et al. 2012a, b; Vial et al. 2013; Zhou et al. 2013) can be calculated at sub-daily climatology timescale and readily be used to estimate the DCCRE.
Application to radiative effects of daily cloud frequency
The frequency of cloud occurrence (f) is of the most important cloud quantities and is critical to the Earth's energy budget (Stephens 2005; Bony et al. 2006; Boucher et al. 2013) . As a starting point, here we first introduce the data we used in this (2). This formula is applied to satellite observations to analyze the impacts of cloud cycle on current climate variations and finally applied to climate model outputs to diagnose its potential influences on climate prediction.
Data description
At any space and time point over the Earth's surface, the state of the clouds is binary: clear or overcast. These states may be accurately measured by ceilometer or cloud radar, for example Millimeter Wave Cloud Radars (MMCRs) for Atmospheric Radiation Measurement (ARM) program, which has 0.2° beam width equivalent to a cylinder of 17.5 m in diameter at the height of 5 km (Clothiaux et al. 2000) . Such a narrow "pencil beam" provides best estimates of cloud occurrence and its long-term average is referred to as cloud frequency, which is the starting point of our evaluation of DCCRE for cloud frequency.
Another similar cloud property is the cloud fraction from climate model outputs or satellite products, which identifies the fraction of cloudy area over a fixed grid field and ranges from 0 to 100%. Therefore, cloud fraction is the average of cloud occurrence over a specified space and cloud frequency is the average over a given time period. These two quantities are identical under the ergodic hypothesis, which is usually valid in a chaotic atmospheric-flow system at the scales considered here (Eckmann and Ruelle 1985; Duan et al. 2002) . This hypothesis has long been applied in meteorology to calibrate cloud fraction from satellite observations by cloud frequency from ground-based cloud radars (e.g., Li et al. 2004; Kotarba 2009; An and Wang 2015) . Xi et al. (2010) found that the cloud frequency averaged at 0.5 h (4 h) period closely matches the cloud fraction from satellite observations for a 0.5° (2.5°) region at the Southern Great Plain site. For this reason, we will use grid data of cloud fraction to represent the cloud frequency for the assessment of the cloud cycle.
For the past climate (see details in Sect. 4.3), we use satellite data from Clouds and the Earth's Radiant Energy System (CERES), which is one of the most important datasets for analyzing the Earth's energy balance in response to the global warming (Wielicki et al. 1996) . To provide an overview of the cloud cycle, we first compare the daytime and nighttime clouds using Single Scanner Footprint (SSF) data, which consistently measure the global cloud properties from a single satellite platform but with low temporal solutions (see Table 1 ). The day/night cloud patterns are then compared with radiative flux at the top of the atmosphere using the date from CERES Energy Balanced and Filled (EBAF), which provides one of the best estimations of global energy balance (see Table 1 ). We then quantify the radiative effects of cloud cycle with CERES synoptic (SYN) product, which is designed to provide cloud properties at highest temporal resolution by incorporating data from geostationary (GEO) satellites and those with sun-synchronous orbits (see Table 1 ).
For future climates (see details in Sect. 4.4), we use outputs from climate models (see Table 1 ) participating in the second phase of the Cloud Feedback Model Intercomparison Project (CFMIP-2) with half-hour (or 3-h) outputs at approximately 120 'cfSites', where the abbreviation of 'cf' is referred to as cloud feedback. These sites have large intermodel variabilities in cloud feedbacks and model outputs from these sites have been used for improving our understanding of cloud dynamics in GCMs (Bony et al. 2011; Taylor et al. 2011) . We analyzed the outputs from AMIP experiment forced with observed sea surface temperature and AMIP4 K experiment with 4K sea surface temperature perturbation. These experiments have the highest temporal resolutions (see Table 1 ) and have been used for diagnosing the behaviors of daily cycle in these models (e.g., Roehrig et al. 2013; Webb et al. 2015) . 1 3
DCCRE for cloud frequency
To find the specific expression of DCCRE for cloud frequency, we start from the daily cycle climatology of CRE (Cess et al. 1989 (Cess et al. , 1990 (Cess et al. , 1996 where R clr is the clear-sky radiative flux, and f is the cloud frequency. As before, all these quantities are averages at climatological timescale, for example, in N days at a specific time of the day. At a given point, N clr days are clear and N cld days are overcast (N = N clr + N cld ). The climatology of cloud frequency, f, essentially quantifies the average fraction of time when the sky is overcast (f = N cld /N). In this regard, long-term average TOA radiative fluxes can be estimated as the combination of overcast-sky (R cld ) and clear-sky (R clr ) radiative flux climatology weighted by the fractions of time with overcast and clear sky
Taking f = f 0 into (8) yields Combining (2), (7), (8), and (9) yields where f 0 is the cloud frequency averaged over the daily cycle and f (t) = f (t) − f 0 (t) ∕f (t) is referred to as the normalized daily cloud frequency (see, for example, Fig. 3a vs. b and Fig. 3e vs. f). The average of DCCRE f can be obtained by averaging Eq. (10) over the daily cycle where cov means covariance and the overbar refers to the daily average. According to Eq. (11), the average of DCCRE essentially quantifies the covariance between cloud fluctuation and CRE, showing how clouds can change the radiative flux only by redistributing their daily cycle without changing its averages.
To interpret this metric, we use CERES SYN data (see Sect. 4.1), which provide two contrasting examples at the centers of Sahara Desert (Fig. 3a-d) and Pacific Ocean (Fig. 3e-h) . These hourly data sets during 2000-2017 in April were first used to calculate the daily cycle climatology of cloud frequency ( Fig. 3a and e ) and the normalized frequency ( Fig. 3b and f) . The hourly all-sky and clear-sky TOA radiative fluxes were then used to calculate the daily cycle climatology of CRE ( Fig. 3c and g) . Finally, f was
plotted against CRE ( Fig. 3d and h) , which were used to calculate the averages of DCCRE f using Eqs. (10) or (11). For the case of Sahara Desert, clouds peak around 6 pm while the corresponding CRE peak around 6 am ( Fig. 3a  and c) . The phase differences are presented in Fig. 3d with the f -CRE scatter plots. Their slight positive covariance of 0.25 in addition to − 1.45 of f CRE results in the average DCCRE f of − 1.2 Wm −2 in this desert region. Should clouds peak earlier around 4 pm coinciding with the timing of minimum CRE, they would have kept less heat and the average DCCRE f would have been even lower. For the case of Hawaii, the phase of f and CRE are similar ( Fig. 3e and g) , resulting in a larger covariance of 4.1 and a positive average DCCRE f of 4.2 Wm −2 . This positive value is linked to the behaviors of daily cycle of clouds, which are less frequently present at noon (Fig. 3e ) when they are most efficient in reflecting solar radiation. Moreover, instead of using correlation coefficient, the f -CRE covariance in Eq. (11) allows us to account for the amplitudes of daily cycle. As shown in Fig. 3 , the larger daily variation of CRE over the ocean results in larger absolute values of radiative impacts than its counterpart over the desert. Next, we will follow this procedure and apply DCCRE f to each location over the Earth to evaluate the radiative effects of cloud cycle on global climate system.
Past climate
One of the interesting features of past climate is the slowdown of global warming (or climate hiatus) in the early 21st century (Stocker 2014) . Observations and climate modeling results suggest that such a phenomenon is caused by the compounding effects of interannual and decadal variations of ocean circulation, aerosols, volcanic eruptions, and variation of solar irradiance (Kosaka and Xie 2013; Trenberth 2015; Clement and DiNezio 2014; Santer et al. 2014) . While enhanced ocean heat uptake is regarded as one of its primary causes of the recent climate hiatus (Meehl et al. 2013; Watanabe et al. 2013; Trenberth and Fasullo 2013; England et al. 2014) , there are still debates over which parts and depths of the ocean may be responsible for absorbing the imbalanced energy (Chen and Tung 2014; Risbey et al. 2014; Meehl et al. 2014; Nieves et al. 2015) . Such uncertainties stem in part from the temporal interpolation method used for satellite calibration and the sparse spatial/temporal sampling of the ocean heat content measurement (Loeb et al. 2012; Roemmich and Team 2009; Doelling et al. 2013; Loeb et al. 2018) . It is thus logical to wonder whether the climate hiatus is linked to the variation of daily cycle.
To test this hypothesis, we began by investigating the pacific decadal oscillation (PDO), which is widely regarded as an indicator of the climate hiatus (England et al. 2014; Kosaka and Xie 2013; Trenberth 2015; Fyfe et al. 2016 ). The PDO shows three periods of variations during the early 21st century: it roughly increases during the pre-hiatus (2000) (2001) (2002) (2003) and post-hiatus (2013-present) periods and decreases during the mid-hiatus (2003-2013) period (see dash lines in Fig. 4 ). To explore whether DCC is linked to the PDO, we used global cloud data from CERES SSF (see Sect. 4.1). While CERES SSF cannot be used to describe the full daily cycle using Fourier coefficients due to the low temporal resolution, its daytime and nighttime records can be used for long-term cloud trends analysis (Loeb et al. 2018) and thus provide a rough estimate of the daily cycle. These data are averaged and scaled by geodetic zonal weights to calculate the global mean daytime/nighttime cloud frequency in each year. In general, the daytime clouds tend to reflect more solar radiation and cool the Earth, while the nighttime clouds tend to keep longwave radiation and warm the Earth. The global mean daytime cloud frequency (f d ) was found to decrease during the pre-and post-hiatus periods, possibly contributing to the fast increase of PDO and global warming (see Fig. 4a ); on the contrary, global mean nighttime cloud frequency (f n ) was found to decrease during the mid-hiatus period, lowering the PDO index and partially canceling the greenhouse gas effects (see Fig. 4b ).
The link between DCC and PDO becomes even more evident when comparing the global mean daily cloud amplitude ( f a = f n ∕2 − f d ∕2 ) with the global mean cloud frequency ( f 0 = f n ∕2 + f d ∕2 ). The amplitude f a combines the effects of daytime and nighttime clouds, while in the daily mean f 0 such opposite effects cancel out. As a result, f a becomes strongly correlated with PDO ( Fig. 4c ), while f 0 tends to be uncorrelated with PDO (Fig. 4d ). The existence of such a strong correlation points toward potential contributions of DCC to the climate variability.
To explore the spatial patterns of these clouds and their potential radiative impacts, we used the same data of CERES SSF to calculate the trends of daytime (Fig. 5 ) and nighttime (Fig. 6 ) cloud frequency in each grid point in each of the three hiatus periods. These spatial patterns were then compared with the corresponding trends of TOA shortwave (Fig. 5) and longwave (Fig. 6 ) radiative fluxes using CERES EBAF data (see Sect. 4.1). In particular, the long-term trends of daytime clouds and shortwave radiative fluxes at the top of the atmosphere show similar spatial patterns, especially over the Pacific Ocean where there is also a strong local f a -PDO correlation. Regions with positive trends of clouds and radiative fluxes in the pre-and post-hiatus periods likely shift into negative trends during the mid-hiatus period. Similar spatial patterns can be observed between nighttime clouds and longwave radiative fluxes. Note that some dissimilarities are observed in tropical regions in the South Atlantic (Fig. 5a, b) , west coast of the United States (Fig. 6c,  d) , Namibian coast (Fig. 6e, f) . The stratocumulus-topped boundary layer in these regions is usually stable and does not collapse every day (Stevens 2005) . Therefore, daily cycle of clouds in these regions may be too weak and their radiative impacts are limited.
The consistent DCC-radiation patterns found in Figs. 5 and 6 corroborate our hypothesis that DCC, in pace with the ocean circulation, has a strong impact on the global energy budget. To further verify this point, we use the metrics DCCRE f defined in (10), which quantifies the differences between radiative fluxes from the full-day cloud cycle and the fluxes from its counterpart assuming a uniformly redistributed cloud freqeuncy. The variation of DCCRE f , rather than its absolute values, represents the radiative impacts of DCC on Earth's energy balance.
Toward this goal, we extend the analysis done in the Sahara Desert and Hawaii examples in Fig. 3 to each grid point over the world to calculate the global mean DCCRE f . Following the same procedure, we used the hourly CERES SYN data to estimate the daily cycle of cloud frequency in each grid point in each of the twelve months in each year as in Fig. 3a and e; we then found the corresponding daily cycle of the CRE as in Fig. 3c and g; we finally calculated the annual mean CRE and DCCRE f in each grid point using The left column shows the trends of daytime cloud frequency during a pre-hiatus, c mid-hiatus, and e post-hiatus periods. The right column shows the trends of outgoing TOA shortwave radiative fluxes during c pre-hiatus, f mid-hiatus, and i post-hiatus periods. In these maps, the clouds trend in each grid point was calculated from CERES SSF grid data as the changes in cloud frequency per decade in each of the three hiatus periods; Similarly, the radiation trend was calculated from CERES EBAF grid data as the changes in TOA outgoing shortwave radiative flux per decade. The regions with strong local f a -PDO correlation (p value < 0.05, two-tailed Student's t-test) are marked with small black dots. The spatial correlation coefficient between panels a and b, panels c and d, and panels e and f are 0.74, 0.76, 0.75, which are statistically significant (p value < 0.05, two-tailed Student's t test). Eq. (11), which were averaged and scaled by geodetic zonal weights to calculate the global mean of annual DCCRE f . When DCCRE f are compared with the global mean surface temperature (see Fig. 7a ), the variations show striking similarity, with a slow and steady decrease during the mid-hiatus period and a fast increase during the pre-and post-hiatus periods. The pre-hiatus increase accelerates the global warming trends and mid-hiatus decrease counteracts the warming effects to maintain a relatively constant global temperature. Particularly interesting is the sudden increase in 2016, the hottest year on record, coincided with an increase of about 0.5 W m −2 in net radiative flux by DCC variations [in this case, the estimates of radiative impacts are made more reliable thanks to the newest generation of geostationary satellites such as Himawari-8 (Loeb et al. 2018) ]. It is interesting to note that the variations of temperature anomalies do not closely follow the change of CRE (see Fig. 7b ), suggesting changes of mean cloud properties may partially counteract the radiative effects of DCC variations. Investigation of the potential connections between CRE and DCCRE trends and their data reliability will be the subject of future research.
The similarity in the DCCRE and temperature trends are strongly suggestive of the existence of a feedback loop between them. The accelerated ocean circulation in the hiatus period stores extra heat and slows down the global warming trends; the corresponding sea surface temperature patterns may change the dynamics of the clouds (Miller 1997; Wood and Bretherton 2006; Yin et al. 2015) , possibly increasing the daytime clouds and/or decreasing nighttime clouds; the radiative impacts of the cloud cycle further lock the global temperature at low levels until the next period when the ocean circulation is decelerated. As a result, the climate system remains 'locked' for an extended period of time, in a hiatus-type of behavior, giving rise to a staircaselike function of global mean surface temperature (Trenberth 2015) .
Future climate
Given that DCC seems to explain part of the climate variability, it is logical to wonder how it will influence the future climate. We thus studied four GCMs that participated in CFMIP-2 at approximately 120 'cfSites' (cf is referred to as cloud feedback), which have been particularly selected for diagnosing cloud behaviors in climate models (see Sect. 4.1). Again, we extended the Sahara Desert and Hawaii examples in Fig. 3 to each one of the 'cfSites' to quantify the daily cloud cycle and its radiative impacts. Following the same procedure but using climate model outputs, we estimated the daily cycle climatology of the normalized cloud frequency for land and ocean of the 'cfSites' from AMIP experiment forced with observed sea surface temperature.
Over the land (Fig. 8a) , clouds peak around both early morning and afternoon from all climate models except CanAM4. Afternoon clouds are less frequent than the morning clouds in HadGEM2-A and MPI-ESM, while they are more frequent in CNRM-CM5. Afternoon clouds may be associated the dynamics of the atmospheric boundary layer driven by the strong daily cycle of local surface heat fluxes (Ek and Mahrt 1994; Yin et al. 2015) , whereas morning clouds are generally associated with synoptic forcing (Zhang and Klein 2010; Ford et al. 2015) . The inter-model variabilities suggest clouds have different responses to the local/nonlocal forcing in climate models (Yin and Porporato 2017) . Over the ocean (Fig. 8b) , clouds are generally peaking around the early morning, consistent with satellite observations (Wood et al. 2002) .
The radiative effects of these cloud cycle behaviors are linked to the covariance between the cloud cycle and CRE. Combining the daily cycle climatology of cloud frequency (Fig. 8a, b ) and the daily cycle climatology of CRE previously reported by Webb et al. (2015) , one can calculate the averages of DCCRE f over those 'cfSites' using Eq (11). Over the land (Fig. 9a ), CNRM-CM5 has the lowest DCCRE f , showing the ability of its frequent afternoon clouds in reflecting solar radiation, whereas CanAM4 has the highest DCCRE f , corresponding to the least frequent afternoon clouds in this climate model. Over the ocean (Fig. 9b) , the consistent cloud cycle with frequent morning clouds in all models result in positive DCCRE f . The largest radiative impacts are found in CanAM4, which has the strongest daily cycle (i.e., large amplitude, see dot line in Fig. 8b) . This inter-model spread of DCCRE f (standard deviations of 0.59 and 0.82 W m −2 over land and ocean) is about 20% of the inter-model spread of global mean CRE (standard deviation of 3.7 W m −2 ) as estimated by Wang and Su (2013) , showing its essential contribution to the Earth's energy balance.
To investigate the DCC response to the rising temperature, we make the same calculation for the AMIP4K experiment with 4K sea surface temperature perturbation. The results show DCC (Fig. 8c, d ) and the DCCRE f (not shown) do not have significant change over both the land and ocean in response to the warming perturbation. The radiative impacts of DCC change (i.e.,△DCCRE f defined as DCCRE f in AMIP4K subtracting DCCRE f in AMIP, see Fig. 9c, d) show much smaller variations than those intermodel spreads (Fig. 9a, b) . These results are also consistent with the study of Webb et al. (2015) , which concludes that the daily cloud cycle may have limited responses to global warming as simulated by climate models.
Although the overall DCC response is weak from climate model simulation, it may be significant in certain regions. We calculate the CRE and DCCRE f at each one of the 'cfSites' and present the geographical patterns of r = ΔDCCRE f ∕ΔCRE for the month of February in Fig. 10 . Over the center of the Pacific ocean, the changes of DCC counteract ΔCRE effects in both HadGEM2-A and CanAM4 but reinforce it in CNRM-CM5; off the Chile coast, the DCC variations reinforce ΔCRE effects in HadGEM2-A but counteract it in MPI-ESM. The marine clouds in these regions are essential climate prediction (Bony and Dufresne 2005) and their different DCC variations may contribute to the cloud feedback uncertainties in these climate models. Over the land in Southeastern China, the changes of DCC seem to counteract ΔCRE effects in most of the climate models. The continental clouds have a stronger daily cycle and their DCC variations may be associated with the corresponding changes in surface heat fluxes (Ek and Holtslag 2004; Yin et al. 2015) . These spatial patterns of DCC variations have the potential to modify the regional radiation balance and in turn influence large-scale circulations.
The results of the relatively weak response of DCC to global warming further suggest that its potential influence on the recent climate hiatus as shown from satellite data in Sect. 4.3 might simply come from internal climate variability. Over an extended period, such internal climate variability is likely averaged out, showing insignificant variation of DCCRE. Further verification of this point should be conducted with climate models with more accurate simulation of daily cloud cycle to capture the essential dynamics of PDO and clouds.
Conclusions
We have analyzed the daily cloud cycle radiative effects (DCCRE), expressed as R(c, x, t) − R(c 0 , x, t) , which measures the differences of TOA radiative flux from a full-day cloud cycle and from its counterpart with uniformly redistributed c 0 . The proposed DCCRE method not only can be used to estimate the radiative impacts of DCC on current climate conditions but also can be applied to assess the DCC feedbacks. Our application to satellite data shows DCC variations are closely following the pacific decadal oscillation and global mean surface temperature. It is possible that DCC variations adjust the Earth's energy balance and partially contribute to the phenomenon of climate hiatus. Our application to climate model outputs shows that large intermodel spread of DCCRE, seldom been considered in climate model assessment, turns out to be a nonnegligible part of CRE inter-model variations. A comprehensive assessment of DCCRE could then be conducted once different cloud properties and their radiative kernels are available at subdaily timescales. Such an assessment may provide valuable information to target particular aspects of cloud parametrization and the patterns of large-scale circulation, hopefully contributing to a better understanding of climate variability and the uncertainties in climate projections.
